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Motivation

1. Because of the complexity of industrial processes, model-driven soft
sensors are usually impractical, cost-prohibitive, and time-consuming.
2. Nonlinear relationships among different process variables are very
common in the process industry which usually contains complex
structures. Locally weighted learning (LWL) is often used to solve
nonlinear relations. To build an accurate model with LWL, the similarity
needs to be properly defined.

3. To cope with noise interference, process variables are reasonably

treated as random variables to construct a model in a probability frame.



Main idea

1. To extract latent information in complex process variables, a

supervised Bayesian network (SBN) is proposed.

2. To improve the performance of soft sensing in non-stationary

systems, a double-layer similarity measurement strategy based on

latent variables is proposed.



Method

1. The node T in the SBN helps take quality-related
information into the hidden layer construction

P(X)=N(rx 0x)
P(T-}:N UJT! or)
P(Y)=N(pry, ov)

Latent variable

Fig. 3 Structure of a supervised Bayesian network with
latent variables



Method (Cont’d)

From the structure of the SBN proposed above, latent variables can be
extracted from process variables and quality variables of the training
samples.

Training samples

Query samples

Supervised Bayesian network
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Fig. 4 Schematic of latent variable calculation



Method (Cont’d)

2. This structure is composed of three major parts, including
sample local similarity, window confidence, and integration
similarity.

Table 1 Procedure of similarity measurement

Name Function
Sample local  The Euclidean distance between the
similarity query sample and each training sample
Window The similarity of the query sample to the
confidence whole of the window by SVDD
Integration Used to assign weights to traimning data

similarity




Method (Cont’d)

3. The main steps of LWSBN for quality prediction

Collect and divide historical data

v

Use moving window to obtain training data

v

Train SBN by unweighted training data

v

A 4

Calculate latent variables T, tew [

CQuery samples

|
A 2 Y

Use SVDD to calculate Calculate sample
window confidence local similarity

v

Integrate similarity for data weighting

v

Train SBEN by weighted training data

Y

SBN for soft sensing




Major results

The proposed LWSBN is tested using a numerical example and a real
iIndustrial process. For comparison, the LWBN and LWLR mentioned

above and a locally weighted supervised latent factor analysis model
(LWSLFA) are also tested.
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Major results (Cont’d)

1. Numerical example

Number of samples

Fig. 8 Predicted Y of the four methods in a numerical

example: (a) LWSBN;

(b) LWBN; (¢) LWSLFA; (d)

LWLR

Table 2 Prediction of precision of the four methods in
the numerical example

dex Precision

Index —TSBN  LWBN  LWSLEA  LWLR

RMSE 03862 05225 09361 0.1057
R 09837 09712 09021 0.4640

RMSE: root mean squared error. The best results are in bold



Major results (Cont’d)
2. Industrial application: debutanizer column
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Fig. 11 Prediction results in the debutanizer column: (a)
LWSBN: (b) LWBN; (¢) LWSLFA; (d) LWLR



Conclusions

1. Different from previous BNs, latent variables were extracted based
on the SBN and a corresponding double-layer similarity calculation
strategy has been proposed where the integration of local sample
similarity and window confidence helps capture local and global

similarity information.

2. To test the validity of this method, a numerical example and a real
case were used where the prediction accuracy and reliability of the
proposed method have been emphasized against previous LWBN,
LWLR, and LWSLFA. The similarity measurement method involved in

this paper can further be extended to other BNSs.
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